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Abstract: In medical image computer-aided diagnosis (CAD) , deep learning models make predictions
based on the spurious correlation between lesion areas and background areas, which leads to a decline in
the model's generalization ability and robustness. To address this issue, the paper proposed a quad-tree to-

ken splitting-merging debiasing method called QSMFormer, which was specifically designed for computer-
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aided diagnosis. Its main contributions were as follows: Firstly, designing a spatial-semantic coupled het-
erogeneity evaluation module. By jointly modeling the differences in regional significance distribution and
semantic consistency, the complexity of the region could be adaptively evaluated. a quadtree-based recur-
sive token splitting method driven by region heterogeneity is constructed, which performed fine-grained
partitioning on structurally complex regions to preserve critical lesion features. Finally, building a seman-
tic- and saliency-aware region token merging module. By dynamically merging adjacent regions based on
the similarity and significance between tokens, and using the Top-K strategy to select key Tokens, redun-
dant background information was reduced and the consistency of regional semantic expression was en-
hanced. This method was verified on the Kaggle Chest X-ray dataset and the Sharmin 9+ 1 dataset (a ten-
class ophthalmology dataset). Specifically, on the Kaggle Chest X-ray dataset, an accuracy rate of
98.51% and an F1 score of 97.02% were achieved; on the Sharmin 91 dataset, the accuracy rate and
F1 score reached 98. 26 % and 92. 60% respectively. The experimental results show that QSMFormer im-
proves classification performance and enhances stability under background perturbations, while reducing
the influence of non-subject background information to some extent.

Key words: medical image classification; potential spurious correlation mitigation; vision transformer;

quadtree token splitting; region token merging
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(c) Token region splitting and merging(ours)
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Regions that should belong to the snow hare are correctly classified as the snow hare.
Regions that should belong to the background are mistakenly classified as the snow hare.
Regions that should belong to the snow hare are mistakenly classified as the background.
Regions that should belong to the snow hare are correctly classified as the snow hare.
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Fig.1 Comparison of different token selection strategies in terms of maintaining spatial structure and semantic selection

3 AX AR E

3.1 EFEGIRS R ERRIEE

B 27 ERGR v ie) O L TR) R, i 1 2 A ARk
AN T i U s Pk Cn i e (k) A 0 A ) 1 R 2 A
PGAEAE DX I % A 28 100 78 0 H B 8 P, X R
[ HEAR B R R B 2 2 R E S, T
B D) fe /MR 3R 22 S Ak B AR, & S i e
B 2 BRI MG DA R AR 1R 22, DA 22 20 BB
Ao X AULA TR W 5 BSOS A AE A R BE A4 1) ) 1
A 2R A, d5c 2 T RE 17 i S A Bl 7R 5 E A5 R Y
A8 G 1R 12 Bp 20 0 XU o X 2 () R AT e
23508 KB A B AR O RS R, IR 0] A 2 £ B 1Y
ANV A DRI 25 5 DL B dh R R ARk e
ROk R . Tejasvi ' — 318 T
BILAS 27 21 2% 1P AT i 8 14 7 R 5 B B i i 2E
F7-RE 3 WU rp ) ELAE . Rubén' 42 H T — b
B ST 1 FE bR L B SRR

Vision Transformer (ViT) ™ J& — Fft 3£ F
Transformer 4244 (4 BR300 . A0 AR
W e N AR 43 Sy — & 9 [ E K/ i R
(patches) , ¥ & A4~ B Ji&2 3 5 3% A Transformer 5
RUGEAT AL B . 5 4K 45 B Jm) 0 a2 BT 1) 1% 452
TR A, VIT @18 Z A e TR T A 3 160

il (self-attention) B 4 #2 KR H 9 22 R 5 &
WA BE 8 7E B KRB | 2% 2] IR A 4 R B8 4K it
X & . Evgin Goceri ™42 H T — 4~ H A4 CNN FI
Transformer 3 17 25 ¥ 69 W 4% FairDRO, ¥ & #r
JIECENE I A 45 A 8 K 2R T — A2 P48 A 2
U . Seyyed-Kalantari L' 3538 T R R B A R 2
s GOl g I WA o1 P I o (1 1 T Al P
PTG A5 28 XoF K54 O 27 R A 12 W R DG SRR AT A9 4R
S 4 T AR AU AT S M Y )

3.2 Token EFEREE . HR5EH

TE Vision Transformer 0% AH & WF 58 | token
B PRI X B R Y HOR HPERE R CE S . Y
HI L B AR token JU 4% 19 32 9 J7 % 22 40 R B K
(pruning) 5 & I (merging) HiJ .

Token 8§ A% 38 3o % 7% TU A 85 B &K to-
ken, f& B 55 HF 5 5 90 43 o AR SUHE T RE 12
S8 /0 T S B I i A kTR AT e R K R
BB B A5 S U AR Z M 45 b by G BOR
Al A5 B . B0, Dynamic ViT ™ 7 #fk B
iR % A £ SR E B token, 1 EVIT 0] F
FHE B 14553 R U0 I 51 BR TU A% tokens,

5 Z MR, token 45 I 5 W& IF AE B % % 5 to-
ken, 1117 /2 ¥ AH 8L token fil 5 2 — > i token, A
M AE B A 7 90 4K B 1 [R) B2 7 O 2 R A 8, .



5516 M J&

Vi, A < T[] TS ML B2 W 64 U SR token 23 R -5 JF 25 i 7 vk

2563

7 15 BE A B 2 R AR SR R M HSE L R
TRy, HAT RE PR B S AR AN [] 3 SCIX sl
P 5, MR T AE 445 Token Merging(ToMe)'”,
B A T R OUG AR G T o R A RO A
F 5K, UL K& TokenPool ™, & F| F ] 2% > (1) B
FEHLHEE AL token SIS R G . SR F L B9 AL
BOCERORIR T A IS BB Oy i A R
IR
3.3 BG&SEPHSREEHFTE

1E AR o B8, 43 5 4 JF (Split-and-
Merge ) Jy i — i 28 B 11 X35l 4] 43 5 s i ok
g5 45 DXl 3 24 5 DI I P A LR S B EHR
SRR AR . % TR TR A I e X
WA 2R F R b, E e )R X 43 B — 3K
PR D o B S 7R 53 240 B, A T ) T 3 ) 4b
P YR — DX P R AR (A K B Bl S B ) AN A2
— SR SR K R A o 2 A OB, AT B
LAk R RN

TE 58 R 8 03 IR, T7 1 2 % AH A X I A7
UE1 5 A W = 2 DX ) A 4 X3 2 (] ik A —
ML, DK L I g SR X, Lk /b i
o3 Aok B RE A AR R, — S8 T7 9k 0 S Fy
5 T2 G 0 R T A, R AS AN TR R TR B9 DX S fE 8
PE—2P G o B A X /N DO AT AR S
IEAL, 32T 50 B4R 0 e vk 50 g B
SR %07 W S 7 28 R IH I 7 1 SR
TEAR T R B 5 42 Jm — B Z LS T R4

4 BEL5HE

FEXPH AL B2 Wb i ROTRE R S T
PR Y H0) 590 1) [) L, AR SC 4 ) — 5 T I SO X
B2 5 4 I B token i B OB, RN
QSMFormer,

QSMFormer [ 5 AR Z5 4 4 &1 2 BF 7R o AR 3C
PL12)2 VIT-Base fE A8 T W& ZE ] )2 (55 7

(a) Spatial-semantic coupled heterogeneity evaluation module

CosSim(X,.u,) |:] D D |:]
D Ooood Splitting
: D D D D threshold
Patch
{ | embedding CLS token
i Linear projection of flattened patches B et s e e e e R TR
" . . (b) Heterogeneity-driven quadtree-based recursive token splitting
| Clstoker—um BN - HEN Quadrant H Quadrant H
il l splitting splitting +

Transformer encoder

i 7xTransformer
encoder
Transformer encoder

; o — —
Quadtree region splitting and Merging module -

(c¢) Semantics-and-saliency-aware region token merging module

Transformer encoder
| |5xTransformer +
encoder +
Transformer encoder
MLP head R,
R, R
‘LIR’

Fig. 2

Consistency-
driven + Unified semantic J—,ﬁ
merging + regions
Select top-k
from each | Form the
region _l—% top-k set :’_H»
L] =]

2 QSMFormer 4 4514 &
Overall architecture of QSMFormer



2564 e K TR

34 %

4~ Transformer Encoder 22 J& ) #fi A Jr 2 H 19
QSM 8, DL 92 B token ¥E £ . HLAKT & 4 A
K 1% 1 4 23w 7 )2 Transformer Encoder $2 B
A AR R B S E A QSM AR B ik 17 45 1) 4k
Ak, % J5 8 i3 ) 42 5)2 Transformer Encoderjﬂ‘
— 5 A R JR R SO SE A AR S

QSM BEH iy = A G HE AR B4 1l - (A) =5[]
518 SCHA 1 5 BRI AR B L (B) L F X 8 7
JoT P4 B PO AR 338 U5 token 43 R H DL K (C) i X
Eﬁ%ﬁﬁi’ﬁu%l:ﬂzroken iR S Y e S
o X token FEAE 547 25 (0] 41 5 X 38l g g AL, S

Transformer encoder

{12, 1L|P;, E P}

0.03 0.42 OI7

0-03--0;

. Attention score

CLS token S,

N2 token At 37 e 7 ) DX R R B Y
75 AT 7E 8 2 TC 4% token B[] BF A 2 56 432 Thip
fFE .
4.1 ZE5EXBENRRET-HESR

Ry e ARG ASE A S AR R S OB AR
W, A B s (8] 5 RS 0 S BTk A
e, %t A B9 token 5 AE 3R 19 25 8] 45 ¥ & 2
AT AN 3 T, R B o B A A R
token I 3 Pk 5 X Sl Py BB 1 S — Bk M g —
F X 8l S BT P A SR, O A B X B B 4
Jry 181

D

H yres=s01t(H) :
0.0110.051 045 7] B [
.

40

v

i
-m

=Percentile(H.q)

7 splitting threshold

16 embeddings Avg embeddings
A DAy W N
@CosSim

P32 ] 5 3 SCRB A 10 S O DAl 6 B

16xCosSim
A
== = - .

16 embeddings e
- ar
B: -,

Fig. 3 Spatial-semantic coupled heterogeneity evaluation module

AR, 1 585 5 A B token FRAE #2 B L
X R A 25 ] o7 20 20k 16 <16 [ patch [ A%, JE
B — B Y patch 224

P={pJi=1,2,,1,,j=1,2,-,7,}, (1)
Hovp o I, T, 43 9 3 i patch W 4% 78 17 A1 51 i)
bR oy Kt o B A patch X R —
FRAE

Xt F 44~ patchp,;, Fl X} R A9 token em-
bedding ., ; 19 L2 i B0k A 1 Jay FRRFAE 98 B2, HE
SCH

i, = \’1‘,-,j“2= it st et ah, (2)
Hor &, €R" F %% patch (KHFAE 1) &, B — 4k
X IO A [] F4) 18 SC R 2 B3 T8 W)

5 e [A s}, M Vision Transformer ) CLS To-

4~ token

ken 42 BUH G 4% patch token Y TE R IAE . A
B IALE R, query 5 key 22 [8) B9 A B 38 1 A5
Hi‘l‘%:
QK"
Atn(Q,K)= I (3)
Horp . Q F K 43 51 % 7% query Fl key ] &, d, A key
M 4ERE o B S, 6 VR A 53 4T softmax IH —
1k, 15 ) 54> token {9 7 B 1AL

Q T
5., "= softmax . (4)
(M
23 2k AR T 2R e (EL > S
TERE 14380, 13 3] token 2 i 3 M43 %K
sy =as, "1 —a)s,; "™, (5)

Hop o€ [0, 1 NG AU B S 4. i 2] 1Y



5 16 3] Ji WA T TS ALA B2 W A I SR token 23 -5 I 250 7 vk 2565
2 3 ) SCH S e 73 H0h
s={sulp.,EP}ER". (6) H, = Var<sprw> + A-AvgCosDistToMean(X,, ),

TE 3 A% B 1 token 9 1 2 M BUE A X
HE— 20 R FHORLRE B A% R 4 % AR X S
BT Mk BEAT @R . BRI E L A B R R R
T W/2 5 E B H/2 R 5 R 4X4A A T IX
%%Z

P'={pijli,j€{1,2,3,4}}, (7)
Hop B A p' FRR— A EAES N F X,

XFEATFXIRp, eP’ & e X N i
i token ) embedding 5 X 3 4 {E [] & 2 [0] () 4%
SEEE B, DAIEAR DX 0 1 S — 3ot . Rk A
LS A 28 AN -

CosSim (u,v)=

u*v

(8)

Jalll
Forbrsw Ao R IS FRAE ) 4 (o]0 L2 Yu 4k,
BT, R R L
CosDist(u,v)=1— CosSim(u,v). (9)
D33 ', 1 489 A 1) 2 e, AR 2 XA i
A token embedding 1y H .0 FEAE , AT 3E & A (10)
P

, 1
p = X (10)
il ’

Hod . X, R R X3k p', AR £ 4> token A embed-
ding, |p". ;| FiZ X 3N token A E 1

Pk, X3 p', T A token 5 Y {H [ 1 22 1]
W B AR 5% IR B SR -

AwvgCosDistToMean < Xpﬁ.,) =
1
|p,f,j|

% & T B i DX N B token AR Y — 2
PERREE . P YA 52 BE BB, 3R B IX 88 N token
25 SRR O AR 4

v R E, 1F 55 XA token i 2 PR 2 B0
J7 22 L 22 i) {2 PR B HORRE T
Var(sprh): |P/1,]| zkep,’./(sk—#ﬂ"w])z, (12)
Hoh s, RRE b4 token (19 5 35 ME 425, 1,7 K
1% X 38 token 43 E (H .

XA F X EP L A XN to-
ken I 25 Pk 43 000 B HORE B 500 SO — 30tk

Zkep”_/C()SDiSt( T gt 0. (11)

(13)
Horp Var (s, )ER T, A token %
PE 40 77 25 , AvgCosDistToMean( X, ) &/R 1%

X 35 4 token embedding 5 X f ¥ {# ] 4 2 [a] Y
VB R o A S8, T R
BEOME 538 SO — S0k 7E R 5 BT A AR X
L

55 6 A OB S B o BGHE AT R
HEF , 2L B g & 4 6r X R 9 BUMEAE R 42 JR oy
%I‘Hﬂ{ﬁ:

v = Percentile(H, q ), (14)

A SCERIN =651 B A Re 08 [ e G e ik 2
Z R T A S I 22 0 SUR DX o3 40k R Y ) e
e -

Zr b, BB D Y R HGE ) 58— B token Z1
B E S X IR s S — Bk, 2423 (A R %)
) ER 25 0 52 e v, oy Ja 2 i X0y 34 5 5 0T 42
T REHARMERERE Y.

4.2 EFXIEH RN T X RS token 73 R
R

TEARAT A Jmy 5 B Pk B AE < J5 , A Sk — ik
TH 3 T X 5 5Tk Y DO SO 3 I token 43 SR
P, DIAR I DX 3 P 35 25 0 52 2% B2 o IR R AT 2 90
Aoz [ 30 43, DT AT 5 IX s 57 A 0 = AR 46
P45 B AR A A 0 XURS: o A [&T 4 i IR 3k
TE2 R BE 29T 38 i 8 5 X o 2k 2 5 KR
N 25 52 4% B AR DG I ) R 3 57 XS 454

BRI, X5 24 D3 g AR AE AR
S, R FH Y SURE S5 48 AT 338 A R 43 o X TAT B AR
P IX I R, B e T 5 4. 179 5 LAY S P
BRI ER T8RS o 0

H(R)= Var(Sy)+ AAvgCos( Xy, ux), (15)
ZARPR G Z0 T XN 3 O3 A Y R AR
FE 515 LRR A — k.

Tz S UM R, XOEUR B4k 2o 2L n
FEN e Y H(R) > o i, 36 B3 X 48 P 36 77
TE W 35 ) S5 0 A8 AL B8 SO —BohE R 2t — b
4 Ak ZR 7 5 A5 WA 32 DXCIORE X 2 5, AT AR 4 Y
i ROEE A g 5 AR R

MR A BEA AR RT DXOIR R W U A ) 4 B

=X
==X



2566

34 %

(a) Spatial partition

Orginal region R (b) Quadiree structure

Split Rzi R4, into 4

(R21 (R23

(c) Decision flow

[ H(R=Var(Sgy+h AvgCos(Xg fiz) ] L0 Start

HRPT

Input orginal image R

HQR>T No | @ stop
_________ (Keep as leaf)

L1 Compute H(R)
by (13)

Yes l

(H®Ran> ) (H@22)<t) ((H®R23)>7)(HER2H< 1) (HR4D<1)(HER4D <7) (HR4) <7) (HR44)<7)

Split R21,1R23, R43 into 4 o
2

000
o

Stop(Leaf node)

<t stop(Keep as leaf) -
b Split(Continue)

> split(Continue) —

LO/L1/L2/L3 | Depth(Level)

: Yes o Stop
7
Size(R)<m? (Keep as leaf)
No 1
Degenerate Yes [ Binary split
(LXW or Hx1)? (2 children)

Nol

L3

Stopping conditions
® HR<:
o Size(R)<m

Degenerate
o region(Binary split)

Quadtree split
(4 children)

Recurse on child
regions

P4 T DIl 5T P Y O SO 336 U1 token 23 2445 Bk

Fig.4 Heterogeneity-driven quadtree-based recursive token splitting module

RI58 HUA T IX I {R1, R2,R3, R4, 3 %f 44
F DX a3 U AT A ] Y S M T AN o 2 A
INIB A AE T AT P e IR SN I B
%Ak R Gn T 3 04 R A
L =Split(R(0),0), (16)

Hod . R(0) F R W) IR X 38k, L oAy B 45 3] i -4y
XIS

BT ARUER 2o AR 0 R Mk S AT R T X
I3 3432 B DL AT I AR 200K - (1) 2 IX 38 5
T A I, 458 1k 25 (2) 24 XSl RSF /) 7 7
B de /N R m B 45 1E 43 545 (3) X I IR AE 25 1] |
1B Ak B AT B B8 S5 AR I SR T SR D A
ANABMI S o2, EaRHLE AR T R o AR
I BE % 75 20 4 Ak 52 2 IX 38, S 4 75 1] B X ds op
FEHE AN BT IR .

INEER 1 W AT ETR A 5 R R
AT DL R IR Ry — BT B AN 349 1% O SO, AN [R] 43 AR
it XI5 0T R T B AR Y S R R AR .
4 A5 M — 25 25 TG L A SR S AR Y BT b e
AN TN S T T A T 3 0 Y o7
U

i 2 S 0 K S 1 3 U3 K] A3 AL A g
i 7E R i G TR 5 N 4 A B A DG Y 28
] 45 4 < 1 AR Ak B B8 S0 52 4% 1 X 3800k 4 1k
Sk 43 R DX T 45 A TR A s X — B X

SR PR AR BRI o X A AR 3 23 K 4y O 2O Ak
G 7 LIRS o3 R 9 TR TEIE 38 R 221X
G I 5 2 ROBE AR AR AR AL T A5 ke AL 2R A
DI 73 B BLAR S BN Y AN 1R .

Algorithm 1 Region splitting based on heterogeneity

-, sy JTERY, token embed-
Xy " eRrRY P, threshold

>0, embedding weight =0, minimum region size

Input: Token scores s=[ sy, -
dings X=[X,, -, splitting
m& N ,numerical constant € > 0

Output: Set of leaf regions L

: Initialize root region R'" covering all N tokens
: (L<Split(R,0)

: return L

: function Split(R, d)

: if | R |<<m then //Region too small to split

. return { R}

: end if

o N o gl e W o

: Compute region mean embedding:

1
FEZI'&RX’

10: Compute region mean score:
- 1 J

11:5 FWZ&RS/

12: Compute heterogeneity score:

1
1R Y

Ne}

2 1 _
T —p H Jr/l-mzlw(s[*s)z
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14: if H(R)<<r + € then //Homogeneous region
15: return{R |

16: end if

17: Split R into four child regions

18: { R\, R;, R, R, } using quadtree partitioning
19: L'<)

20: for k=1 to 4 do

21: L'<-L'USplit(R,, d + 1)

22: end for

23: return L'

24. end function

4.3 BEXE5BEZEMHRAHXIE token & HEEBR

hy G figk 338 IH 43 24 0] RE AT Ok 1Y IX B Ak TR
B I T SO — B I R R AT 4R
H T8 S5 S M IR Y X 8K token A IR B HR . %
2 Bk 8 1 SO 38 G X RR IE 1] i R AR
2 1w = 2 X — o, R R AE 5 to-
ken 73 B0 s W X 35k () B BEPE K OF- . O RS
B 45 X3 A I AN T R AE AH AU | 3 3 i A
S TTHR B, DA ke B 1 SO [ g 2 1 2 A

R XS R G T

ZBH O E b A < 7E LR IE 25 (8] 3% 22 M 1
EJ:]:/TE_F HE 53 L B A 210 04 0 Ak o s X A

WA NE L - AW EENXIEES

WE S PR, X G I AR 2 [a) AR 81X 3 22 (8]
17, 0Pl LS S B E SN EY
B DXk R] A AT O o M B AR T RRAE AH
U5 I 07 5 B BAT DUR 45 A (1) WU
— B 2 5 [ % B8 embedding A LM 5
PEZE S R TEAIE TSR (2) 28 M Y bk LA
A DX Sl 8] P AT #R A DRAE S5 48 5 BRE ; (3) &2 Ry
—HMERE E T I AL LB X EEEAE
IF T8 iR XK . BAA RRAE DLE A
ﬂ;‘ggé:

R — XX T — SR, feasR
B B B B I R XA G

L={R,}. (17)

HATTEBA X ME LRI BEES
i, X T XE R, H 4 embedding 5 F 15 &
M B e L

Saliency consistency

B11BI2

diff,.(R.R) =I5-S|

B13Bl4

Semantic consistency

B%1B3284f§g

SlHl 1(RR) W

T

| if SImy, = T, diffy . < 7.

Merge R,,R,

5 i 5 RO X B token £ I 55 Bk

Fig. 5 Semantics-and-saliency-aware region token merging module
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|Rl|z . (1g)  CTECMEHAH )
. 1, /Qioczf ‘,zl_/e,:K. (24)
5,:721@5/ (19) jw}
| R [ = TEAA 45 DCBRIC AU , F 454 DX B P 3 07 7
X FAT A A AR X ot (R, R,) T8 H A Top-k, 5 1 + 25 X 3% P4 token %R 7 # 3 2 451, 1)
SCHARI I 5 k3 P 25 5 ” AR AR B 5 A5 WU BUAT 43 55 5 B4 &1 token, DT
simon( R R)) = ui u; ’ (20) PR SE 0% B Xl P e B R PR 0 R B A S
[ SR, DX 1 2% i 1 I 45 31 1 token B £k 7E 5K
diffec( R R)=|5.— 5, | (21)  BRPATRE S P KAF e 2% . ik, Bl A2 )R —

D R M iE X A5 [a] 5 E R A3 A S A R
Z0| 1 X R — BOrE O R 2 A T TR Bt
FlE

R T — B KT R G TR
75 DX I ] — SOPE B B S, A G o DU AT DXk
Gt

ST ey == Tempys A score << Tscorer (22)

R IR SR A A DX 1 SR
K5 W EVEACE ERA S0k RS IR A —
LER BRI, NI KRG A SCR T
A 4 (Union-Find ) 45 #4) X1 /& 2% 74 i AH 408 X Sl A
Eh 2861, NG B T X % .

TESE WU A G IR BRI, B DB 3 ik e
e /NIMEF G AT 50— 3R 15 208 IX S A
M. ZI RS S SR B A ITR T X
b O Ry 1 B B o S R 7 ) || B W
T b T s [ B R S S XS R RS to-
ken 36 5 4 {1 5 hNAS A 19 25 8] HL i

RIS G AR KT
XF token #E AT 0 3 , LA AE $2 0 11 55 FF A 09 [ i o
KGR KRBT . ZIBEX ML HWARS
4 Ry et B bR 2Z AT B R AR, 5 — 52 30 X 4k
By 5 4 ey — 3ot

HARTW &, e &I XK E S
75 () 2 55 v [, O RS X8R40 BE token B AR . XS
T IX R, HACHE i XCBCE 1 83 P B0 X
T AR [ 2

w =(mean score, ) X(area,)’, (23)

H /. mean_score, 2 7~ X 38 N token i 25 74 43 %X
B B, area, 7~ K I ZS WIS [, p 5 g Ty
240

TR L], 2R B R F A vk B A K

FOPER HEAL 0T 25 R AT 58— Y T L S Y
token F & /b T K I, AR B 28 H Y token 5 5 rh
e FEUE 25 M 0 B H v BRI AR 52, 2 K 3
B3 2, Y token By i i K XY i 8 A2
G AT 2R Top-K # 5 , [ & /8 15 43 e = 19 to-
ken,

ST U S Y VR TR e e o T R S 6 i
HE” I U R AL de 2445 213 2 19003 2 B token
G A BRAE DRAIE 25 8] 43 A Y 5 P 1 m] B 52
BTN AR B AR S R B, DT FR A B R
% H B FHER token £ n . X A I 09 2 44
AR 2 R

Algorithm 2: Merging adjacent regions based on embed-

ding and score similarity

Input: Set of leaf regions L. = {R,}:M:] from Algorithm 1,

token embeddings X=[X,, -+, Xy]'€eRY"",
scores s=|[ 51, -»+, sy ] € RY, embedding similarity thresh-
old rembe[ 0,1 J,

merical stability constant € > 0

token

score difference threshold z.,.>0, nu-

K
Output: Merged regions MZ{(topk,leftk,hk, wk)}k

=1
where each tuple represents a bounding box
1. Initialize Union-Find structure y for all regions in L
2. for each region R, € L do
3. Compute region mean embedding:

1
4. #iegzj“{’xi

5. Compute region mean score:

_ 1
6. .\‘,eﬁzjm’sj
7. end for

8. for each pair of regions( R,, Rj> where i << j do
9. if AreaAdjacent ( R, R1> then

10. Compute embedding similarity :
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i,
[ el s

11. sima,, < //Cosine similarity

12. Compute score difference:

13, diffupe <[5 — 5|

14. if Sim ey = T, and diff e << Toore T € then
15. p. Union(4,j)//Merge similar adjacent regions
16. end if

17. end if

18. end for

19. Group regions based on y parent nodes *{Gk}f:l
20. M< )

21. For each group G, do

22. Compute bounding box coordinates :

23. topkemin{top(R)lReGk}

24. left,< min{left(R)|ReG,}

25. bottom, <= max{top(R) + height(R)|R € GL}
26. right, < max {left(R) + width(R)|R € G}
27. Compute height and width:

28. h,<bottom, — top,

29. w,<right, — left,

30. M~ MU{(tops. lefty. by w,) |

31. end for

32. return M

33. function /\re/\djacem(Rf, Rj)

34. Let(t,l hyw,) and (4,4, hy,w;) be bounding
boxes

35. return (£, << 4,4 hyand ,<<1,+ h,) and

36. (4,<[,+ w;and <</, + w,) and

37. <max<l,,z})<min(z‘,+h,,f}+

hy) or max (£, £;) << min(Z, + w,))

38. end function

5 EBER5H5M

5.1 HEESHALE

BARE 1. RIE/R R RIER 206 R i
I8 R K2 — U5 A 5L DL Ok Bk i a
FE SR VG 1 A5 VR 5 B A=A VR B 1 i 3 X
o6 BIR BOE % B e % 7E Kaggle | f 9% 42 it
[20]. LR ad FE v 3L B 5 374 sk %, Hoh 4
151 362 5K 1E W %, 1 332 a3k 357 7 fili 4 K%,
1 335 5K Jifi &8 75 I B4 DL K 1 345 8 9 25 M il R

BG4 BT A A Ta] ROSE R/ i J5t i IR 4 ik 2
224X 224 pixels, VI ZR 4 T UG TE 5 (1 He il 4% R 92 1
X3, SR 5 F L Ay 1) A OF 0 AT R R
HIH— b3

BOPE 4 292804 4 ti Sharmin % A A &, JF
FE Ry T MR 2 9 G 100 R 4325 1 2 €20 TR IC ]
B B ) e SCh kAT TR L [21] . Bl AE
JAAH WM Anawara Hamida AR Bl £ BE 1 B. N.
S.B. Zahurul Haque HRF} B B i FH A (0, HR )iE REAH
POBCEE o B AL FE PR S B ) KR < 43 R LS O
PR A0 I JEE 05 A8 7 O AR L ¥R SRR A B K e
rh P SRR K 2% AR I B s 2 (CSCR) A )
P58 225 R ) B 3% AR P 0 A0 R i B ) R €5 BR
R R, LRy o — 28 (CBRUIR B ) 1Y i B IR TAR:
B AL 5 335 5K R AR IS . AR SCK R 4R 1A
BF 70%,20% F 10 %0 By LB 43 S I 25 55 ik il
M2 .
5.2 {FMERUERERENTE

Ry T AT VAR AR S YA AR 4y AT 55 b iy Tk
e , A ST I3 2 1 e FIASE R 5 2% BE 1 A4~y TH] o) A
RUHEAT IR o R 43 R D7 I, SR T HEAR 8 (Ac-
curacy, Acc) . K B % (Precision, Pre) . [A] %
(Recall, Rec) , F1 Score Fil4# 5+ ¥ (Specificity,
Spe) 1 R P 6 br o AR 48 B L S 28 1) 5 A Y
o) 2 S| AL S TR VA AR B, O 3 Aok YR VA R I P i B
1E #] ( True Positive, TP) . & IF 1 (False Posi-
tive, FP) (E 4] ( True Negative, TN) Fl{& 7 il
(False Negative, FN) i+58 EiR 4845, Hit & 24
A= (25~ (29) P

e TN + TP (o)
“ FP+ TN+ TP+FN’
Il TP
Pre= 2 Fp TP, (z6)
1<\ TP,
Ree= 20 FN. 1 TP, =0
F1_2><Pre><Rec (28)
Pre+ Rec '
1 N,
Spe=—> L 29)
Pe= 2 TN, 1 PP, (

FCp i 5 T A R R 3 S OE B0 L
191 5 5 My R 3 % B R TN Oy IE AR AR TR 1L S
TE SR L] 5 A 18] 3R R8P A L 92 TR R AR o
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Pl ASE AL GE A PRI B 49 5 F1 Score RS AR 5
A4 [ 232 08 9 F0F- 3, )T 25 G VR AR R AL Y 43 2R
B 71 5 e S PR T A o B E A AR ) B 2R AR R
M BE 1T o

W AR, Ry T 2D VR AR A Y O A O
AAE B AL R, AR 305 A 2 B (Parameters,
Params) 1 ¥ s iz 5 & (Floating Point Opera-
tions, FLOPs) fE 1 A &7 Je E 45 b o oo,
Params (M) 7R 5 AL v T A 1] 27 ) 28000 S 8K
i, Py Million(M) , F 77 & 45 AU 19 £7 it I
9 5 GFLOPs & 7% #5781 7 B Y i 1] 4f 21 5 72 vh
T PRAT I T 55038 BB, B o Giga FLOPs,
ATt R ERE., BENLT .S
OB GFLOPs /), B B BE A 78 1 15 1 BE 1Y
[e] o B A B e AR . BTSRRI TTH R
W

Pamms:z:j':] N, (30)

o L 3R M4 280, N FOR S LR W % 2] 2

LAY PF s 38 BB R O 45 R B R
Bty SR AT 50 3R -

FLOPs.= >, FLOPS,, (31)

Horp L RN 2B, SRR L2 11 mias 5

5.3 IURBEESHIEE

AR S0 K F Windows Server 2019 Datacen-
ter 64 7 #:/E R 4, 6 £ Bid & °4 Intel Xeon Gold
6154 CPU(36#%,3.0 GHz) .256 GB W 1% J A%
TITAN V GPU hn i+ 5 . B8 % % H Py~
thoni& 7 , % F PyTorch(GPU h A ) IR i 2% > HE
AT M 51 DAk #R 3L AdamW,
Wt aF > B E R 210 AL IR K 0. 05;
K Warmup+ 43 5% 3R K & & 0 W 1 25 2 3R
HAET 1558 IR 2 2] S B o B, Bl S 4% A X
2l , B A I B IR (A Y 500 (RF 1 X 107°) 6
R RY A il ¥ X5 2 B dE 4 B I 2k 200 42 IR (ep-
ochs) , It &b B K /)N (batch size) % K 64, 451 5% R L
K 1A AR 25 ~F 1 19 22 S 45 2Kk (Label Smoothing
Cross-Entropy Loss, P K+ 0.1) . HAAKSL L
WE WL 1R,

x1 ZTHEKE
Tab.1 Experimental setting

Training config 224X 224
Optimizer AdamW
Batch size 64

Epoch 200

Initial learning rate 2.00X107*
Learning rate factor 0.05
Learning rate schedule LambdalLR+ Warmup-+ Cosine
CrossEntropyloss+label

Loss .
smoothing

5.4 fLEXIE
R T VAL A SCHE B9 QSMEFormer £ 5 75 R
[F] = =7 R o3 AT 55 v R 00 1k e 5 3 g v L AR
SCHE YA B A AR 1 8 I B 2 5 A8 8 48 I
TEJ 7% b se g, A 4 M 38 X O R Bl S
T HR AR 9 s G I A 4 288 1% R 0 HR TS RIS A £
PO v AN b T o 8 = W S v )
Transformer i % T token & £ 19 24 #1454 /E R
L 45 VIT® , Swin-T", DynamicViT ",
EVIiT" , ToMe", il GTPVIT™ i i T M AR ifE
Vision Transformer #| £ R~ 3¢ B [ token & £ 5
FHEAR G HTE, TREL -MWKET
41 B %5 e T -E A 48 B8 (Accuracy, Fl-score, Re-
call, Precision, Specificity , Param il Flops) , H
DA 285 3R RZ AR bn T M B AR PR BE o 38 SE R
PO BN R 5 YA AE T AN 28 T BCHE 46 1 43 25 P g

58 ERE.
5.4.1 & Kaggle M4 X 4645 & b 69 5H I 2 38

8 4R
AT 8 UE QSMFormer £ A9 8 31 51 M BE L B
H 52 MR G 4k B T token 3 #5519 J7 5 DA
K KT Transformer YA AL 7E 50 5 1 1 47 %
bl , SE 25 AN 2% 2 T (N AR R & 18 b5 T
M AR A) o 5 LA RUAR Lh, AR SCHRE Y
QSMF ormer 7& i 78 X Ot B dla 4 As 1 e tE
PRI &R, o3Pk fE 48 AR (Accuracy, Fl-score,
Recall, Precision, Specificity ) 43 %] ik ] 98. 51%,
97.02%,97.02%,97.03% F199. 00% , & B i A%
RYRE % 01 78 43 M O B B A )0 M Y token, I I
D ICAR T 5% token XF 43 2 45 B0 T4, DI 4 T
PG BE o Bt A, QSMFormer ) Z # & 4
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Tab.2 Comparative experimental results based on the chest X-ray dataset

Method Acc /% F1/% Rec/ % Pre/% Spe/ % Params/M GFLOPs
ViT 95.52 91.04 91.03 91.05 97.02 85. 80 16. 85
SwinT 96. 55 93.11 93.10 93.15 97.70 86.75 15.17
DynamicViT 97.57 95.14 95. 15 95.16 98. 38 86.76 13.63
EViT 95.90 91.79 91.79 91.81 97.26 85. 80 13.65
ToMe 96. 74 93.48 93.47 93.52 97.82 85. 80 11.70
GTPVIT 95.62 91.24 91. 22 91. 38 97.08 85. 80 16. 86
QSMFormer 98.51 97.02 97.02 97.03 99. 00 85. 80 12.35

85.80 M, HH N 12. 35 G, 75 14 H1 40 w85 7y 2k
FE 1Y [A) B R I 0 B F B8 A, M A 1Y) Pk B
SRRV
5.4.2 Sharmin 9+1 %% # & L &9 2f b 52 15 9

%R

TR IZ S5 R AE )T LN Az AR g

A CAE D) — A TF R B B AT T OXF S g
SR A5 Rk 3 Fr s O F Ak Ko & F8 b5 T 1Y

AL EE ) o A SCHR 1 B QSMFormer £ Shar-
min 9+ 1 FHE 45 L B T S AR R CR |, 1o
% i€ 48 Fx (Accuracy, F1-score, Recall, Precision,
Specificity) 4+ %l ik % 98.26%, 92.60%,
93.59%,91.81% #198.99% . QSMFormer 7E 4k
520 i o MR RE Y ) I DR 45 T B A T O A
BE o 3X 3 B AR S0 VA AR IR IR BR 5 24T 55 )
FEOREE T L4710 53 B PEBE 5 1HRACR

%3 HFSharmin 9+1 HIEEM L LB LR

Tab.3 Comparative experimental results based on the ten-class fundus image dataset

Method Acc /% F1/% Rec/ % Pre/% Spe/ % Params/M GFLOPs
ViT 97. 86 90.63 91.61 89.78 98.76 85.81 16. 85
SwinT 97.91 91. 84 92.20 91.58 98. 77 86.75 15.17
DynamicViT 98. 08 92.11 92.58 91.74 98. 88 86. 77 13.63
EVIT 97. 86 91.10 91.66 90. 66 98.75 85.81 13.65
ToMe 97. 87 91.28 91.97 90.71 98.76 85.81 11.70
GTPVIT 97.82 90. 54 91.30 89. 85 98.73 85.81 16. 86
QSMFormer 98. 26 92. 60 93.59 91.81 98.99 85. 81 12.35

5.4.3 NI MI X KM X E LA £ B E
%R

Ry 1 — 25 B T 4 D7 AR AN ] R 5 B 2 R
AR AR RS A R AT M A L
JL B B2 2 s B B8 X2k RS AR S A0k 4
Z I AV B R AR, AN 2 5 AR R I 25
MBEORR . FIEBIA SRR A 1 B 2Ry
A kR % 25 6] ) COVID, Lung Opacity, Normal £l
Viral Pneumonia, 1fif #p 3 M i 4 7 £ &% COVID-
19, Normal, Pneumonia 1 Tuberculosis PUZ& K% ,
AR 33 JCH v m] 5 I AR 4 A Ta) 0 7 EAH BT Y
COVID-19,Normal Fil Pneumonia =28 #1703

Hr, COVID-19 Fil Normal 43 51 B 5 Sk VIl 2 b3 26
F1 ) COVID Hil Normal; Tuberculosis 28 H1 T I 25
AL v JCRF IO 1 S0, AR AN A AR IR

T B UL WY Y, A1 8 I 3K 4E i Pneumonia 28
AT — 5 X 53 5 P TS 8 R A B I 48 T AR SC
Y| 2 A= TR0 vp ) X5 B % 9% 2 9l 4 Viral Pneumonia.,
S8R T3 Y I8 Tl A6 AR G i i X 4R S R,
H A /Y B B TE T PR AG AL A AR T 952 9% 28 5
FIUAS [) B8040 oI5 3z A e 1, A SORE A3
£E 1 (%) Pneumonia 28 3T {1 B 5 R 1 25 bR 25 Y
Viral Pneumonia &7 MK . K TRk, 5L
412 WL I 28 ) 75 % O Pneumonia.  HF i BT I
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B | ST o X N o O A /35 M o (S N 0 i Y
WE o DU ik 72 v, BT A R B B AR R I 4 2 H il R
AR B FEAR BTN A Lung Opacity , W 4% 15 43 2 4b

P e AR 730 TR AR M ER X L &5 R T
ik, Hi COVID-19, Normal #l Pneumonia 43 %)
A 106,234 F1 390 57K .

x4 MEBMIEBX LM ER AL R E R

Tab.4 Supplementary comparative experimental results on the external chest X-ray test set

Method Acc F1 Rec Pre Spe Params/M GFLOPs
ViT 81.10 82.11 81.64 82.67 91.24 85.80 16.85
SwinT 83.15 82.00 79.89 86. 18 90. 33 86.75 15.17
DynamicViT 91.64 92.03 90.62 94.14 95.65 86.76 13.63
EViIT 83.42 84.73 84.63 84.95 92.35 85. 80 13.65
ToMe 89.18 90.01 88.68 91.51 95. 04 85. 80 11.70
GTPVIT 81.37 83.00 82.55 83.82 91.82 85.80 16. 86
QSMFormer 93.84 94.40 92.90 96. 10 97.21 85.80 12.35

W3 4 s, QSMF ormer 76 #0H H 35 X £k )
WA F S T e g 8, H Accuracy, F1,
Recall, Precision Fl Specificity 3 51 ik %] 93. 84 %,
94.40%,92.90%,96.10% F197.21%., 5wk
77 7% DynamicViT #H b , QSMFormer ££ Accuracy
FIFL 44 F 2. 20% 1 2. 37 % ; 54 ifE ViT
AH B, Accuracy Ml F1 43 5 4 T+ 12.74% 0
12.29% . Z& R ERW SN EE LS 5
Y MSE R IE BT , QSMFormer 17} fig 78
AN [ F R i 6 X2 1 % b RS A e BT
X LG 7 ¥ 1 43 2Rk RE L Ul B B 4 A DR o -
G 912X token 1E 7 5 W% HA BT Ay 1 EB A 1 PR A
ALY T o i T A ER I A S I R R A TE 2
FE SRR R IR LA A 25 55 i 5L 08 2 H T4k
F0 90 TE AR A AR AN R b rd AR e M AR AR ™
H [ o3 A A
5.4.4 BEHFERRIDTHEHEEER

Sk i — A 0 IE AR B X R T2 R B X AR b
B R R PR AR SCFE M X' R B0 4R 19 35 ik 4
R AT S S M o A B T
SRR IR AT I 2k, AN AL 3 KR 2 5 1 2
s S B L  AHEI R B B A3 i i A D G e T AR
R B B UE4E | LA HC RO [ J7 ik e 15 AR Ak 2% 1
TPEREE 1

HART T, A SO0 5 UF 48 43 1 5144 0 JE
NG X AT A A B . 5 TR I X Ok 4
112 Wr FE 158 H AL T R o OB, AR SCIR E

T i S 32 A XSO A AN AR DT R wE EE
Ji RS 896 1 A1 Bl DX 38R FH 3% DX 07 2 0K B
AT, BRI 58 5 A2l IX
B AR A R AR T 45 R e o % SE B R A
DU B B e 3 A A1 B 7 Al A58 70 2 5 ek B AR R 34
GHRMEL . HEBTEI I G ERE T FEE DN,
[T RS NG S S N = o+ QR A Pl = N S SR N
FEPE .

A SC BE B KL il B 8 Transformer (Vision
Transformer, ViT) . J2 % M. 4 Transformer(Swin
Transformer, SwinT ) | # % 5 &5 token 89 £ J5 ¥
DynamicViT 14 %! token & If J7 3% ToMe /£ N
AR VXS B, I 5 R 3042 1Y QSMFormer
AT RS . SR A R AN SR 5 R .

MRS W, bl s ahm, VIT
ToMe Wy PEBE T FEA VBT B . Hp, VIT i
Mean Acc Fl F1 73 5l ' [ 4.850 #1 9. 5400,
ToMe i Mean Acc F1 F1 43 %] T F& 5.04% F
10.29% , AW TEA LRI E T, WM 2 /iEE
BRI FNHE 43 token & I 5 A X i1 415 508 AL TR
&, SwinT Ml DynamicViT 7E 48 3 5514 T R 4
fo 2, 8 H 3 /5 B Mean Acc A1 F1 5 1 F
QSMFormer,

L Z T, QSMFormer 7& 4 ) 56 i1F 5 | A/}
IS B = 19 Mean Acc 1 F1, 43 51 2 97.29%
94.59% . 5 J5UIR K 4 45 R A L, QSMFormer
M) Mean Acc U PR 1.21%,F1 PR 2.43%, %
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Tab.5 Robustness comparison of different methods under edge-background perturbation (%)
Method Clean Mean Acc Perturbed Mean Acc Mean Acc Drop  Clean F1 Perturbed F1 F1 Drop
ViT 95.52 90. 67 4.85 91. 04 81.50 9.54
SwinT 96. 55 95.43 1.12 93.12 90. 89 2.23
DynamicViT 97.57 96. 27 1.31 95.14 92.58 2.56
ToMe 96. 74 91.70 5.04 93.48 83.19 10. 29
QSMFormer 98.51 97.29 1.21 97.02 94.59 2.43

A FIF 42 6 DY LR token 43 24 -4 5 HIL ) AR A4 75
B o JEVE R Y IR B, X 30 2 AR A B Ay
AR E Pk o 45 R U] QSMF ormer RE 8% 5 il ¢
T XOG MGt iy ARG 5 B IR TE—E 1R
JE b AR ASE R T 3 S A S X I O
5.5 iHBRSEI
5.5.1 R R A JF B AN AL E 09 0l ek AT 5
R T WFAE X 3 4 2 A I AR AE Transformer
P 28 rh i B AT i AL AR SO FEERT AL Y 12 2
Transformer 44 rf BE47 007 #1155 o B4
F 0 X IR 2GR AR S (4> Trans-
former Bt Z J5 (i=0,1,---,11) , FF AR FEH AU %
BB 84— B0, NI 2R G0 PFAd AN [R] B A B X A
TUPEBE HY 52 W o S92 50 3 A0 48 BR AL 35 Accuracy,
F1 Score, Recall, Precision, Specificity L4 J #& %Y
52 J4 45 bR Params 1 GFLOPs. A [l A7 &
14 S 50 45 S i3k 6 TR .

IS 6 25 AT LA UL 2 ) R il B 2 O
I B AR 1 2 B0 B TR R L, Y
X 32 A A TR 2 (NS 02 ) #
P BE AH XA (Ace y 95.52% ) , 3% 7] BE 2 il T
I 45 [ o 78 43 B WU SRR AE , o L AT token BY
B 25 5 W IR SE Rl R AE R o Bl 25 B He 2% i 1) v
JER s R BE R S B T, RS 6 )2 38 5 A
FEZE B (Ace 1 98.51% , F1 Score 2 97.02%) ,
2 W] I B token E % H 4 AE 05 8 Of B2 OC Hl R X
= Y [R] I U 2D TU 4 token , DT 52 B0 M fig 5 3K
A ) RO . Y B R — 2P R )R
B sl i, B A 1 BB TF 4R T R, B WA AR 7 )2 Acc
R 22 97.85% . HARTE S 8~10 2 MEGE A Fr 1A
Fh AR AR R AR T 5 6 2 AWM, AR A 11 )2
FRH TR, X MR ERE 7ER)Z N Bk
175 B2 0T 6 5 80 208 X5 B M 5K, i
M) 5 TR

#* 6 QSMFormer E R E R A EREER
Tab.6 Performance gap of QSMFormer with different numbers of layers

Prune at_block Ace/% F1/% Rec/% Pre/ % Spe/ % Params/M GFLOPs
0 95.52 91. 04 91.04 91. 29 97.01 85.8 6.96
1 96. 83 93. 66 93. 66 93.76 97.88 85.8 7.86
2 97.39 94.78 94.78 94.78 98. 26 85.8 8.76
3 97.76 95.52 95.53 95. 54 98. 51 85.8 9.66
4 98.13 96. 27 96. 28 96. 28 98.76 85.8 10. 56
5 98. 32 96. 65 96. 64 96. 68 98. 88 85.8 11.45
6 98.51 97.02 97.02 97.03 99. 00 85.8 12.35
7 97.85 95.71 95.72 95.72 98. 57 85.8 13.25
8 98. 23 96. 47 96. 46 96. 47 98. 82 85.8 14. 15
9 98. 23 96. 46 96.47 96. 48 98. 82 85.8 15.05
10 98. 32 96. 65 96. 65 96. 67 98. 88 85.8 15.95
11 97.67 95. 35 95. 34 95. 39 98. 44 85.8 16. 85
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MBS R B 0 FA R R, Bl A B R Y
Ja % BT GFLOPs 3T B 52 28 M4 K (1 6. 96
B & 16.85) , 1 = B IR & R A AR
(85.8 M), Ut B X Sl o A FF B A B AR 455 A
BAM AT 2 2] S RS [l AL B 23 5 0 )5 22
THEL B B token BCEE | DT 2 728 8% (A T H 5T 45
LR R BRIV AR ST RAOR 5B 6 R TE IR R iR
[ e = O il S S IR L (R A I
(12.35 GFLOPs) , A It AT DLk hy J2 24 mip 455 780 &5
R B 5 IR e i AL . X —
5 5 Transformer BYFRE 7 2] FUERAH — 2. 7%
JZ F2 B2 ) Ry TR SO RN G SRR AR, P R
VT 1T Lo SR (R S5 A8 3R R TR 2 ) A A
Jit LK FR o B, 78 2 B Be it 4T token i 4%

fig i 7615 B0k B 5 004 K BR 2 B AR B 47 1 °F
i, DT $ TS TR A R P
5.5.2 F#EA Ml bt QSM ik M AL % R 89
H R A

DX 35k 43 24 B I A B A 15 T AN G R S0 4
S EAE 5 K IR B HL B Aro Horp o 45 i X 3k 43
SL09 0L B M A, D RS DX fR B token 1Y [E
1], M T 3 [ 52 w455 280 Y token S 45 & 5 4 AIE
FEIRBE S o NI XA TR M BE Y 5 R, AR S
PR B A B (5 6 )2 ) T AT A% 18 RS0 50,
HHr€10.6,0.65,0.7,0.75 , A€ 10.25,0.3,
0.35,0. 4}, L 16 HSHH G . LK% A Accura-
cy FF1 Score fE ky EZ PN H5 b5, AR IR B
R —30 LR EE R ME TR,

X7 AAELSHAETQOM T EMR(BERTH Ace(%)/F1(%))

Tab.7 Performance of the QSM method under different combinations of t and %4, parameters (values are expressed as Acc

(%)/F1(%))
t/k, 0.25 0.3 0.35 0.4
0.6 97.67/95.53 98.04/96. 08 98.22/96. 46 97.76/95.53
0.65 97.76/95. 52 97.76/95. 52 98.51/97.02 98.22/96. 46
0.7 98.04/96.09 98.41/96. 83 97.95/95. 90 97.94/95. 89
0.75 98.13/96. 28 97.85/95.71 97.66/95. 34 97.76/95.53

S SRR, QSM Ik TE A F S HUA A
Ta kR E, Hhc=0.655 £=0.35 141
A B8 et PE AE (Ace A 98.51%, F1 K
97.02%) . MEKBEH KE BRIV cc
[0.65,0.7]# A€ [0.3,0.35] X [a] N 2 48
FaE o M o BUAE /N X 5 ol B 2
S B B S R R AR T 89 X g R L — 3
PE ST Y o KB, A 248 LA 351X 4
EREXIEIOR K. 57—, ki /e T3
X A5 B AR B OR R Tt K Y &, 2 FEAIR to-
ken F 4 2, DU 5% o) 55 78 1k R o RO, P 3
e 22 PR ) R T DL AE AR B O B 5 U A I = ]
1571 .

GAKRE,QSM ML E R B SHEHE N E
AP MR EE, i c=0.655 £=0.357E Y4
HSC B0 B U AR 2R Bk fE . IZ A SRR,
T Y DX Sl KL BE 5 A JL Y token £ B2 L 5 g
0 A7 RCHE T X Sk SRR AE F A AR O, T adE — 25 &
P X 38k 43 2445 I 5K W 7 token BEFE H AL 3

5.5.3 BE3RIH AR K

R 3 — 2 B UE QSMEF ormer H 4% 15 B (1) 4G 5%
PE A SCTE A [R] 52 56 1 BN XS HEA T T AR B 2
T Al g o 2 &R 2 ) 5 0 A I 5 v T
AR H 452 I 55 T 0 82 0 SURR 3 1A 4 24k, —
F A [F] e DB B 3 AR T 2 PR AR SR
FAE R S BT MR BK Bl o3 24 R AR AT I ML . 7E w/
o Heterogeneity-guided Split 28 & o, £% i Jk F X
B R (R H O o RBL R IR SR H T E
AX A I 3 AE A DRIE R 2 X G015
XN Top-K ik £y #2247 Al 1 047 . b, A<
A1 B8 HE w/o Merge Fil w/o Top-K B AN4E {4
FHF PFAL X3k A IF B8 F1 X 88k 9 Top-K Token
TE PR R W X A A VR R (0 SE A o 5 T Rl A 1 A
Yot iiin & 8 s .

H 2 9 1l 0L, 58 B QSMFormer 7F 45 0 43 2%
fe bR b A L 45 3, Ace, F1,Rec, Pre fil Spe
433k F) 98.51%,97. 02%,97.02%,97. 03% il
99.00% ., 5 ViIT baseline 1 It , QSMFormer i



5516 M J&

Vi, A < T[] TS ML B2 W 64 U SR token 23 R -5 JF 25 i 7 vk

2575

%8 QSMFormer {2 E LG IZE
Tab.8 Ablation settings of modules in QSMFormer

Heterogeneity-

Method . . Merge Top-K
guided split
ViT baseline X X X
w/o0 Heterogeneity-

Ry X NN,
guided Split
w/o Merge N/ X NG
w/o Top-K NG N/ X
QSMFormer N/ N/ N

Acc#2F+2.99% ,F14#2 7 5. 98% , [Al i GFLOPs
1 16. 85 B Ik 2 12. 35, ¥t B i 4 Hh 9 token J& 4
B E B2 T+ 500 M Re i R] B R I T 3 T R 45 1
THE T4 . oAb, & RIS 0 3 R 85. 80
M, U6 B T £ B R 51 ABSM AT 2 2] S50

N B R R SR B 5 M 5K B 4 2
ML G, B Ace M FL 20 3 B & 97.57% F
95. 16 %0, ¢ B 3 - DX Sl S5 5 1k 1 1 3 0 X B R
BCA B TR R AR A AR N 25 b A T S Y X
G5k, HBBR XA IS Acc TFL i — 2
TREE 97.48% F194.97% , 1 B AL 45 X 48 43
475 5y 1t X SRR Ak T XA R RE S K A A
LB HL I SC— S0y Xk, DT 3 5 DX I 2% 3R 0K 1 B
EME . MR IX I Top-K ¥EHE SR I 5 , B Acc
FIFL 4330 A 98.04% A1 96.09% , 45 ik T 58 4
QSMFormer, 9. B X 48 N 5 8 token YE A B T
HE— 25 O B8 A M AE BRI D TT AR 5 To-
ken T4, 25 b, 5Btk 8h 4 24 XA 5 A
DX Top-K 2k £ =ML QSMF ormer i iz
LR BT R BTk .

%9 QSMFormer R H B LG 45 R
Tab.9 Ablation results of modules in QSMFormer

Method Ace/% F1/% Rec/%  Pre/% Spe/%  Params/M  GFLOPs
ViT baseline 95.52 91. 04 91.03 91.05 97.02 85. 80 16. 85
w/o Heterogeneity-guided Split 97.57 95.16 95.17 95.21 98. 38 85. 80 12. 35
w/o Merge 97.48 94.97 94.97 95.01 98. 32 85. 80 12.35
w/o Top-K 98. 04 96. 09 96. 09 96. 10 98. 69 85. 80 12.35
QSMFormer 98.51 97.02 97.02 97.03 99. 00 85. 80 12.35
6 = B 1 2 35 BT 96 43 00 B0 B 1 T4 2% 4 B

FE B 2 UG T AL Bz W b LA 5 22
BTSSR AE2 A OC X B DL R B R A 2
52 M, T AR A3 2 P e S AR e M o BT X e 2
B 5r 2AE: 55 T S U AR R B T Ay ) B, 4% 5
P T — R T X RS A IR LAY Trans-
former HE 22 QSMFormer. % J5 ¥ i i 76 8] J=
51 X8 Y token 35 £ O W, FEAR U AR =
5 BR3P0 T4, 7 48 T+ 43 25 PR fE 1Y [) B
WO HERT R A

HAKM 5, QSMFormer iffl i % token $# i 7F
725 i) 20 55 45 0 Ak A, 52 B AN 34 token il 7
SRR [ DX SR R R e AR L e B AR
T D3R N AR RR AR S5 5T P X token 25 [] 2E 47 35 U4 43
24, AR A I 3 B A 5 4R A X B AR A T A

Ja 85 A XS] i A FLYE 5 token J 35 PE 0 5K
() — S0P X AH 4R X IR AT A 9, DGR R
4007 K W RE Ak ), AL TR L — 3 H 45 M AR
FE MY X IR o AR IR b A X A A 40 B
5 IR top-K 3 £ 5w, 15578 B 6% £ ORI 2 (5]
Z FEPE Y R B 07 32 3 B H 2 Wi 0 (B 19 token, DA
T 7E R 47 355 I 85 1 ) e 12 T 45 AiF 26 3K 1) 40 591
PSSR EM . 7 — A TF I E X 5T 4 50
£ F1 Sharmin 9+ 1 % 45 £ b #F 47 509 , HHE#4
FOF1 A B OREB0 58 R 5 B8 0 i XA 4 8k
W E 4y 93k # 98.51%, 97.02%, 97.02%,
97.03% F199.00% ,7E Sharmin 9+ 1 ¥4 4 - 4>
9 3k #) 98.26% , 92.60%, 93.59%, 91. 81 % FiI
98.99% .

ST, AR SO X 5k 45 ) 4SS 114 ) B Sk B
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